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iq. (57) Abstract: The present invention relates to systems, methods, and software arrangements for determining associations between 
two or more datasets. The systems, methods, and software arrangements used to determine such associations include a determination 
of a correlation coefficient that incorporates both prior assumptions regarding such datasets and actual information regarding the 
datasets. The systems, methods, and software arrangements of the present invention can be useful in an analysis of microarray data, 
including gene expression arrays, to determine correlations between genotypes and phenotypes. Accordingly, the S5'Stems, methods, 
and software arrangements of the present invention may be utilized to determine a genetic basis of complex genetic disorder ( e.g. 
those characterized by the involvement of more than one gene). 
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METHODS, SOFTWARE ARRANGEMENTS, STORAGE MEDIA, AND 
SYSTEMS FOR PROVIDING A SHRINKAGE-BASED SIMILARITY METRIC 

5 CROSS REFERENCE TO RELATED APPLICATION 

This application claims priority from U.S. Patent Application Serial 
No. 60/464,983 filed on April 24, 2003, the entire disclosure of which is incorporated 
herein by reference. 

10 FIELD OF THE INVENTION 

The present invention relates generally to systems, methods, and 
software arrangements for determining associations between one or more elements 
contained within two or more datasets. For example, the embodiments of systems, 
methods, and software arrangements determining such associations may obtain a 
1 5 correlation coefficient that incorporates both prior assumptions regarding two or more 
datasets and actual information regarding such datasets. 

BACKGROUND OF THE INVENTION 

Recent improvements in observational and experimental techniques 
20 allow those of ordinary skill in the art to better understand the structure of a 
substantially unobservable transparent cell. For example, microarray-based gene 
expression analysis may allow those of ordinary skill in the art to quantify the 
transcriptional states of cells. Partitioning or clustering genes into closely related 
groups has become an important mathematical process in the statistical analyses of 
25 microarray data. 

Traditionally, algorithms for cluster analysis of genome-wide 
expression data from DNA microarray hybridization were based upon statistical 
properties of gene expressions, and result in organizing genes according to s im ilarity 
in pattern of gene expression. These algorithms display the output graphically, often 
30 in a binary tree form, conveying the clustering and the underlying expression data 
simultaneously. If two genes belong to the same cluster (or, equivalently, if they 
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belong to the same subtree of small depth), then it may be possible to infer a common 
regulatory mechanism for the two genes, or to interpret this information as an 
indication of the status of cellular processes. Furthermore, a coexpression of genes of 
known function with novel genes may result in a discovery process for characterizing 
5 unknown or poorly characterized genes. In general, false negatives (where two 
coexpressed genes are assigned to distinct clusters) may cause the discovery process 
to ignore useful information for certain novel genes, and false positives (where two 
independent genes are assigned to the same cluster) may result in noise in the 
information provided to the subsequent algorithms used in analyzing regulatory 

10 patterns. Consequently, it may be important that the statistical algorithms for 
clustering are reasonably robust. Nevertheless, the microarray experiments that can 
be carried out in an academic laboratory at a reasonable cost are minimal and suffer 
from an experimental noise. As such, those of ordinary skill in the are may use 
certain algorithms to deal with small sample data. 

15 One conventional clustering algorithm is described in Eisen et al. 

("Eisen"), Proc. Natl. Acad. Set USA 95, 14863-14868 (1998). In Eisen, the gene- 
expression data were collected on spotted DNA microairays (See, e.g., Schena et al. 
("Schena"), Proc. Natl. Acad. Sci. USA 93, 10614-10619 (1996)), and were based 
upon gene expression in the budding yeast Saccharomyces cerevisiae during the 

20 diauxic shift (See, e.g., DeRisi et al. ("DeRisi"), Science 278, 680-686 (1997)), the 
mitotic cell division cycle (See, e.g., Spellman et al. ("Spellman"), Mol Biol. Cell 9, 
3273-3297 (1998)), sporulation (See, e.g., Chu et al. ("Chu"), Science 282, 699-705 
(1998)), and temperature and reducing shocks. The disclosures of each of these 
references are incorporated herein by reference in their entireties. In Eisen, RNA 

25 from experimental samples (taken at selected times during the process) were labeled 
during reverse transcription with a red-fluorescent dye Cy5, and mixed with a 
reference sample labeled in parallel with a green-fluorescent dye Cy3. After 
hybridization and appropriate washing steps, separate images were acquired for each 
fluorophor, and fluorescence intensity ratios obtained for all target elements. The 

30 experimental data were provided in an MxN matrix structure, in which the M rows 
represented all genes for which data had been collected, the N columns represented 
individual array experiments (e.g., single time points or conditions), and each entry 
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represented the measured Cy5/Cy3 fluorescence ratio at the corresponding target 
element on the appropriate array. All ratio values were log-transformed to treat 
inductions and repressions of identical magnitude as numerically equal but opposite in 
sign. In Eisen, it was assumed that the raw ratio values followed log-normal 
distributions and hence, the log-transformed data followed normal distributions. 

The gene similarity metric employed in this publication was a form of 
a correlation coefficient. Let G, be the (log-transformed) primary data for a gene G in 
condition i. For any two genes X and Y observed over a series of N conditions, the 
classical similarity score based upon a Pearson correlation coefficient is: 



■Q( jr \r\ _ J_ ( ~ X 0 jf se t \ f. Yj — Ypffast \ 



where 



and G 0 ff se( is the estimated mean of the observations, i.e., 



15 

3>g is the (rescaled) estimated standard deviation of the observations. In the Pearson 
correlation coefficient model, Goffset is set equal to 0. Nevertheless, in the analysis 
described in Eisen, "values of G 0 ff set which are not the average over observations on G 
were used when there was an assumed unchanged or reference state represented by 
20 the value of G 0 ff se i, against which changes were to be analyzed; in all of the examples 
presented there, G 0 jj set was set to 0, corresponding to a fluorescence ratio of 1.0." To 
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distinguish this modified correlation coefficient from the classical Pearson correlation 
coefficient, we shall refer to it as Eisen correlation coefficient. Nevertheless, setting 
Goffse, equal to 0 or 1 results in an increase in false positives or false negatives, 

respectively. 
5 SUMMARY OF TTTP. INVENTION 

The present invention relates generally to systems, methods, and 
software arrangements for determining associations between one or more elements 
contained within two or more datasets. An exemplary embodiment of the systems, 
methods, and software arrangements deterniining the associations may obtain a 
10 correlation coefficient that incorporates both prior assumptions regarding two or more 
datasets and actual information regarding such datasets. For example, an exemplary 
embodiment of the present invention is directed toward systems, methods, and 
software arrangements in which one of the prior assumptions used to calculate the 
correlation coefficient is that an expression vector mean fi of each of the two or more 
15 datasets is a zero-mean normal, random variable (with an a priori distribution 
N(Q, V 2 )) , and in which one of the actual pieces of information is an a posteriori 
distribution of expression vector mean ft that can be obtained directly from the data 
contained in the two or more datasets. The exemplary embodiment of the systems, 
methods, and software arrangements of the present invention are more beneficial in 
20 comparison to conventional methods in that they likely produce fewer false negative 
and/or false positive results. The exemplary embodiment of the systems, methods, 
and software arrangements of the present invention are further useful in the analysis 
of microarray data (including gene expression arrays) to determine correlations 
between genotypes and phenotypes. Thus, the exemplary embodiments of the 
25 systems, methods, and software arrangements of the present invention are useful in 
elucidating the genetic basis of complex genetic disorders \e.g., those characterized by 
the involvement of more than one gene). 

According to the exemplary embodiment of the present invention, a 
similarity metric for determining an association between two or more datasets may 
30 take the form of a correlation coefficient. However, unlike conventional correlations, 
the correlation coefficient according to the exemplary embodiment of the present 
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invention may be derived from both prior assumptions regarding the datasets 
(including but not limited to the assumption that each dataset has a zero mean), and 
actual information regarding the datasets (including but not limited to an a posteriori 
distribution of the mean). Thus, in one the exemplary embodiment of the present 
5 invention, a correlation coefficient may be provided, the mathematical derivation of 
which can be based on James-Stein shrinkage estimators. In this manner, it can be 
ascertained how a shrinkage parameter of this correlation coefficient may be 
optimized from a Bayesian point of view, e.g., by moving from a value obtained from 
a given dataset toward a "believed" or theoretical value. For example, in one 

10 exemplary embodiment of the present invention, G 0 ff se t of the gene similarity metric 
described above may be set equal to yG , where y is a value between 0.0 and 1.0. 
When y = 1.0, the resulting similarity metric may be the same as the Pearson 
correlation coefficient, and when y = 0.0, it may be the same as the Eisen correlation 
coefficient. However, for a non-integer value of y (i.e., a value other than 0.0 or 1.0), 

15 the estimator for Goffset = yG can be considered as the unbiased estimator G 
decreasing toward the believed value for G 0 ff sel . This optimization of the correlation 
coefficient can mmimize the occurrence of false positives relative to the Eisen 
correlation coefficient, and the occurrence of false negatives relative to the Pearson 
correlation coefficient. 

20 According to an exemplary embodiment of the present invention, the 

general form of the following equation: 




where 
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®g = A — (°i ~ G offset) 2 and 
i=l 

G offaet = 7 G for G£{X,7} 



(2) 



can be used to derive a similarity metric which is dictated by the data. In a general 
setting, all values Xy for gene j may have a Normal distribution with mean 6j and 
standard deviation flj (variance /?/); i.e., X,y ~ N(8j,fi 2 ) for i - 1,. ..JJ, with j fixed (1 < 

.5 j< M), where 6j is an unknown parameter (taking different values for different J). For 
the purpose of estimation, 6j can be assumed to be a random variable taking values 
close to zero: 6j ~ N(0, t 2 ). 

In one exemplary embodiment of the present invention, the posterior 
distribution of 8/ may be derived from the prior NiO.t 1 *) and the data via the application 

10 of James-Stein Shrinkage estimators. 6j then may be estimated by its mean. In another 

exemplary embodiment, the James-Stein Shrinkage estimators are W and ft 2 . 

In yet another exemplary embodiment of the present invention, the 
posterior distribution of 6j may be derived from the prior N(0, r 2 ) and the data from the 
Bayesian considerations. 6j then may be estimated by its mean. 

15 The present invention further provides exemplary embodiments of the 

systems, methods, and software arrangements for implementation of hierarchical 
clustering of two or more datapoints in a dataset. In one preferred embodiment of the 
present invention, the datapoints to be clustered can be gene expression levels 
obtained from one or more experiments, in which gene expression levels may be 

20 analyzed under two or more conditions. Such data documenting alterations in the 
gene expression under various conditions may be obtained by microarray-based 
genomic analysis or other high-throughput methods known to those of ordinary skill 
in the art. Such data may reflect the changes in gene expression that occur in 
response to alterations in various phenotypic indicia, which may include but are not 

25 limited to developmental and/or pathophysiological {i.e., disease-related) changes. 
Thus, in one exemplary embodiment of the present invention, the establishment of 
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genotype/phenotype correlations may be permitted. The exemplary systems, 
methods, and software arrangements of the present invention may also obtain 
genotype/phenotype correlations in complex genetic disorders, i.e., those in which 
more than one gene may play a significant role. Such disorders include, but are not 
5 limited to, cancer, neurological diseases, developmental disorders, 
neurodevelopmental disorders, cardiovascular diseases, metabolic diseases, 
immunologic disorders, infectious diseases, and endocrine disorders. 

According to still another exemplary embodiment of the present 
invention, a hierarchical clustering pseudocode may be used in. which a clustering 

10 procedure is utilized by selecting the most similar pair of elements, starting with 
genes at the bottom-most level, and combining them to create a new element In one 
exemplary embodiment of the present invention, the "expression vector" for the new 
element can be the weighted average exemplary of the expression vectors of the two 
most similar elements that were combined. In another embodiment of the present 

15 invention, "the structure of repeated pair-wise combinations may be represented in a 
binary tree, whose leaves can be the set of genes, and whose internal nodes can be the 
elements constructed from the two children nodes. 

In another preferred embodiment of the present invention, the 
datapoints to be clustered may be values of stocks from one or more stock markets 

20 obtained at one or more time periods. Thus, in this preferred embodiment, the 
identification of stocks or groups of stocks that behave in a coordinated fashion 
relative to other groups of stocks or to the market as a whole can be ascertained. The 
exemplary embodiment of the systems, methods, and software arrangements of the 
present invention therefore may be used for financial investment and related activities. 

25 For a better understanding of the present invention, together with other 

and further objects, reference is made to the following description, taken in 
conjunction with the accompanying drawings, and its scope will be pointed out in the 
appended claims. 
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BRIEF DESCRIPTION OF THE DRAWINGS 

For a more complete understanding of the present invention and its 
advantages, reference is now made to the following description, taken in conjunction 
with the accompanying drawings, in which: 
5 Figure 1 is a first exemplary embodiment of a system according to the 

present invention for determining an association between two datasets based on a 
combination of data regarding one or more prior assumptions about the datasets and 
actual information derived from such datasets; 

Figure 2 is a second exemplary embodiment of the system according to 
1 0 the present invention for determining the association between the datasets; 

Figure 3 is an exemplary embodiment of a process according to the 
present invention for deterrnining the association between two datasets which can 
utilize the exemplary systems of Figures 1 and 2; 

^ Figure 4 is an exemplary illustration of histograms generated by 

15 perforrning in silico experiments with the four, different algorithms, under four 
different conditions; 

Figure 5 is a schematic diagram illustrating the regulation of cell-cycle 
functions of yeast by various translational activators (Simon et al., Cell 106: 67-708 
(2001)), used as a reference to test the performance of the present invention; 
20 Figure 6 depicts Receiver Operator Characteristic (ROC) curves for 

each of the three algorithms Pearson, Eisen or Shrinkage, in which each curve is 
parameterized by the cut-off value 0e {1.0,0.95,.. .,-1.0}; 

Figures 7A-B show FN (Panel A) and FP (Panel B) curves, each 
plotted as a function of 6; and 
25 Figure 8 shows ROC curves, with threshold plotted on the z-axis. 

DETAILED DESCRIPTION OF THE INVENTION 

An exemplary embodiment of the present invention provides systems, 
methods, and software arrangements for deteran'ning one or more associations 
30 between one or more elements contained within two or more datasets. The 
determination of such associations may be useful, inter alia, in ascertaining 
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coordinated changes in a gene expression that may occur, for example, in response to 
alterations in various phenotypic indicia, which may include (but are not limited to) 
developmental and/or pathophysiological (i.e., disease-related) changes establishment 
of these genotype/phenotype correlations can permit a better understanding of a direct 
5 or indirect role that the identified genes may play in the development of these 
phenotypes. The exemplary systems, methods, and software arrangements of the 
present invention can further be useful in elucidating genotype/phenotype correlations 
in complex genetic disorders, i.e., those in which more than one gene may play a 
significant role. The knowledge concerning these relationships may also assist in 

10 facilitating the diagnosis, treatment and prognosis of individuals bearing a given 
phenotype. The exemplary systems, methods, and software arrangements of the 
present invention also may be useful for financial pl annin g and investment. 

Figure 1 illustrates a first exemplary embodiment of a system for 
determining one or more associations between one or more elements contained within 

15 two or more datasets. In this exemplary embodiment, the system includes a 
processing device 10 which is connected to a communications network 100 {e.g., the 
Internet) so that it can receive data regarding prior assumptions about the datasets 
and/or actual information determined from the datasets. The processing device 10 can 
be a mini-computer (e.g., Hewlett Packard mini computer), a personal computer (e.g., 

20 a Pentium chip-based computer), a mainframe computer (e.g., IBM 3090 system), and 
the like. The data can be provided from a number of sources. For example, this data 
can be prior assumption data 110 obtained from theoretical considerations or actual 
data 120 derived from the dataset. After the processing device 10 receives the prior 
assumption data 110 and the actual information 120 derived from the dataset via the 

25 communications network 100, it can then generate one or more results 20 which can 
include an association between one or more elements contained in one or more 
datasets. 

Figure 2 illustrates a second exemplary embodiment of the system 10 
according to the present invention in which the prior assumption data 110 obtained 
30 from theoretical considerations or actual data 120 derived from the dataset is 
transmitted to the system 10 directly from an external source, e.g., without the use of 
the communications network 100 for such transfer of the data. In this second 
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exemplary embodiment of the system 10, it is also possible for the prior assumption 
data 110 obtained from theoretical considerations or the actual information 120 
derived from the dataset to be obtained from a storage device provided in or 
connected to the processing device 10. Such storage device can be a hard drive, a CD- 
5 ROM, etc. which axe known to those having ordinary skill in the art. 

Figure 3 shows an exemplary flow chart of the embodiment of the 
process according to the present invention for detennining an association between two 
datasets based on a combination of data regarding one or more prior assumptions 
about and actual information derived from the datasets. This process can be 

1.0 performed by the exemplary processing device 10 which is shown in Figures 1 or 2. 
As shown in Figure 3, the processing device 10 receives the prior assumption data 
110 (first data) obtained from theoretical considerations in step 310. In step 320, the 
processing device 10 receives actual information 120 derived from the dataset (second 
data). In step 330, the prior assumption (first) data obtained 110 from theoretical 

15 considerations and the actual (second) data 120 derived from the dataset are combined 
to determine an association between two or more datasets. The results of the 
association determination are generated in step 340. 

I OVERALL PROCESS DESCRIPTION 

The exemplary systems, methods, and software arrangements 
20 according to the present invention may be {e.g., as shown in Figures 1-3) used to 
determine the associations between two or more elements contained in datasets to 
obtain a correlation coefficient that incorporates both prior assumptions regarding the 
two or more datasets and actual information regarding such datasets. One exemplary 
embodiment of the present invention provides a correlation coefficient that can be 
25 obtained based on James-Stein Shrinkage estimators, and teaches how a shrinkage 
parameter of this correlation coefficient may be optimized from a Bayesian point of 
view, moving from a value obtained from a given dataset toward a "believed" or 
theoretical value. Thus, in one exemplary embodiment of the present invention, G 0 ff set 
may be set equal to yG , where y is a value between 0.0 and 1.0. When y =1.0, the 
30 resulting similarity metric y may be the same as the Pearson correlation coefficient, 
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and when y = 0.0, y may be the same as the Eisen correlation coefficient. For a non- 
integer value of y (i.e., a value other than 0.0 or 1.0), the estimator for Goffset ~ yG can 

be considered as an unbiased estimator G decreasing toward the believed value for 
Goffset- Such exemplary optimization of the correlation coefficient may minimize the 
occurrence of false positives relative to the Eisen correlation coefficient and minimize 
the occurrence of false negatives relative to the Pearson correlation coefficient. 



H. EXEMPLARY MODEL 

A family of correlation coefficients parameterized by 0 < y < 1 may be 
defined as> follows: 



where 




G offaet = jG for G e {X, Y} 

(2) 

— 1 N 

In contrast, the Pearson Correlation Coefficient uses G 0 ff set = G = — ^Gt for every 

gene G, or y = 1 , and the Eisen Correlation Coefficient uses G 0 jf set = 0 for every gene 
G, or y = 0. 

In an exemplary embodiment of the present invention, the general form 
of equation (1) may be used to derive a similarity metric which is dictated by both the 
data and prior assumptions regarding the data, and that reduces the occurrence of false 
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positives (relative to the Eisen metric) and false negatives (relative to the Pearson 
correlation coefficient). 



5 SETUP 

As described above, the metric used by Eisen had the form of equation 
(1) with G offset set to 0 for every gene G (as a reference state against which to measure 
the data). Nevertheless, even if it is initially assumed that each gene G has zero mean, 
such assumption should be updated when data becomes available. In an exemplary 
10 embodiment of the present invention, gene expression data may be provided in the 
form of the levels of M genes expressed under N experimental conditions. The data 
can be viewed as 

{Wj}£.}f=i 

where M> N and \Xij is the data vector for geney. 
15 DERIVATION 

S may be rewritten in the following notation: 

^ r hi \ **- J \~ ^ J ' 

i 

- (3) 

In a general setting, the following exemplary assumptions may be made regarding the 
20 data distribution: let all values X v - for gene j have a Normal distribution with mean 6j 
and standard deviation fij (variance^/); i.e., Xy ~ N(0j,/5/) for i" = with./ fixed 
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(1 Sj < M), where 6j is an unknown parameter (taking different values for different j). 
For the purpose of estimation, <9, can be assumed to be a random variable taking 
values close to zero: 6j ~ N(0, t 2 ). 

It is also possible according to the present invention to assume that the 
data are range-normalized, such that fif = 0* for every j. If this exemplary assumption 
does not hold true on a given data set, it can be corrected by scaling each gene vector 
appropriately. Using conventional methods, the range may be adjusted to scale to an 
interval of unit length, i.e., its maximum and minimum values differ by 1. Thus, Xy ~ 
N(0j,fij 2 ) and 6j ~N(6, T 2 ). 

Replacing (Xjjoffsei in equation (3) by the exact value of the mean 6j 
may yield a Clairvoyant correlation coefficient of X, and X*. Nevertheless, because 6j 
is a random variable, it should be estimated from the data. . Therefore, to obtain an 
explicit formula for S(XjJi k ), it is possible to derive estimators for all j. 

In Pearson correlation coefficient, 6j may be estimated by the vector 
mean X ./, and the Eisen correlation coefficient corresponds to replacing 6j by 0 for 
every j, which is equivalent to assuming 9j ~ N(0,0) (i.e., t 2 = 0). In an exemplary 
embodiment of the system, method, and software arrangement according to the 
present invention, an estimate of 6j (call it ) may be determined that takes int<# y - 
account both the prior assumption and the data. 

ESTIMATION OF 6j 
a. N=l 

First, it is possible according to the present invention to obtain the 
posterior distribution of 6j from the prior NiO.r 2 ) and the data. This exemplary 
derivation can be done either from the Bayesian considerations, or via the James-Stein 
Shrinkage estimators (See, e.g., James et al. ("James"), Proc. 4th Berkeley Synip. 
Math. Statist. Vol. 1, 361-379 (1961); and Hoffman, Statistical Papers 41(2), 127-158 
(2000), the disclosures of which are incorporated herein by reference in their 
entireties). In this exemplary embodiment of the present invention, the Bayesian 
estimators method can be applied, and it may initially be assumed that N = 1, i.e., 
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there is one data point for each gene. Moreover, the variance can initially be denoted 
by a 2 , such that: 

X J ~N(e J .o 2 ) (4) 

5 8j~N(6, T 2 ) (5) 

For the sake of clarity, the probability density function (pdf) of 8j can be denoted by 
7t(-), and the pdf of X, can be denoted byX -). Based on equations (4) and (5), the 
following relationships may be derived: 



i 



1 0 By Bayes' Rule, the joint pdf of Xj and 6j may be given by 

27T<TT 



-(-[f£ +H ^]) 



(6) 



Then the marginal pdf of X } may be 

Jg=—<x> 

(7) 

where the equality in equation (7) is written out in Appendix A.2. Based again on 
1 5 Bayes' Theorem, the posterior distribution of 8j may be given by: 
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7T 



fa \Tr.\ _ f( X ji&j) 



exp 



by (6) 

2(^) 



2n 



(See Appendix A.3 for derivation of equation (8).) 
Since this has a Normal form, it can be determined that: 



(8) 



2 



<X 2 T 2 
C 2 + 



0j then may be estimated by its mean. 



7V IS ARBITRARY 



(9) 



In contrast to above where N was selected to be 1, if N is selected to be 
10 arbitrary and greater than 1, X, becomes a vector X.j. It can be shown using 
likelihood functions that the vector of values {X, y } /J , with Xy ~ N(Qj, yS 2 ) may be 

treated as a single data point Y, = X.j = Y*~rz^ X (i ,N from ^ distribution 
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N(ej,/3 2 IN) (see Appendix A.4). Thus, following the above derivation with a = 
fi^/N, a Bayesian estimator for 8j maybe given by E(0j\JC.j): 

-e. - fi PI N \ v 

(10) 

However, equation (10) may likely not be directly used in equation (3) because t 2 and 
/? may be unknown, such that t 2 and 0 1 should be estimated from the data. 

c. ESTIMATION OF llif/N^ 

In this exemplary embodiment of the present invention, let 



w= M - 2 



2LfJ=l r j 

(11) 

This equation for Wis obtained from James-Stein estimation. W may be treated as an 
educated, guess of an estimator for ll{^/N+x 2 ), and it can be verified that W is an 
appropriate estimator for l/O^/W+r 2 ), as follows: 



^(0, 1) + ^AT(0, 1) 



(^ +r2 ) Ar( °' 1) ~- Ar (°'^ +r2 ) 



(12) 



The transition in equation is set forth in Appendix A.5. If we let a 2 = i 0 2 /7V'+T 2 , then 
from equation (12) it follows that: 
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10 



and hence 



3=1 3=X ^ ^ 



where X\, is a Chi-square random variable with M degrees of freedom. By 
5 properties of the Chi-square distribution and the linearity of expectation, 



E a ) = m~Z 2 ( see Appendix A. 6) 



Thus, W is an unbiased estimator of 1/0 2 /N+x 2 ), and can be used to replace 
l/(f/N+x 2 ), in equation (10). 



d. ESTIMATION OF B 1 

It can be shown {e.g., see Appendix A. 7) that: 
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1 N 2 

Sj2 = N — 1 ^ ^ Xij ~ 

i=l 

is an unbiased estimator for 0 1 based on the data from gene j, and that has 
5 a Chi-square distribution with (N-l) degrees of freedom. Since this is N ~ 1 ff- 2 
the case for every j, a more accurate estimate for 0 1 is obtained by pooling all 
available data, i.e., by averaging the estimates for each j: 

1 M -MSN \ 

* - iE *? - h S ( N^r 12^ - ) 

J=l Jf=l V i—l J 

^ M N 

' 5=1 i=l 

may be an unbiased estimator for/? 2 , because 
EOS 5 ) 

10 

Substituting the estimates (11) and (13) into equation (10), an explicit estimate for 6j 
may be obtained: 
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6* 



= ( 1 "" r -f) , 5 

= ( I -^f^)-ff-ap^£5«- ,wl )* 

7 

= 7^-i 

(14) 

Further, 0 } from equation (14) may be substituted into the correlation coefficient in 

equation (3) wherever (*j) 0 ff Se t appears to obtain an explicit formula for S(X. Ji X. k ). 
5 CLUSTERING 

In an exemplary embodiment of the present invention, the genes may 
be clustered using the same hierarchical clustering algorithm as used by Eisen, except 
that Goffiet is set equal to yG , where 7 is a value between 0.0 and 1.0. The 
hierarchical clustering algorithm used by Eisen is based on the centroid-linkage 

10 method, which is referred to as "an average-linkage method" described in Sokal et al. 
("SokaF), Univ. Kans. Sci. Bull. 38, 1409-1438 (1958), the disclosure of which is 
incorporated herein by reference in its entirety. This method may compute a binary 
tree (dendrogram) that assembles all the genes at the leaves of the tree, with each 
internal node representing possible clusters at different levels. For any set of M 

15 genes, an upper-triangular similarity matrix may be computed by using a similarity 
metric of the type described in Eisen, which contains similarity scores for all pairs of 
genes. A node can be created joining the most similar pair of genes, and a gene 
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expression profile can be computed for the node by averaging observations for the 
joined genes. The sirnilarity matrix may be updated with such new node replacing the 
two joined elements, and the process may be repeated (M -1) times until a single 
element remains. Because each internal node can be labeled by a value representing 
5 the sirnilarity between its two children nodes (i.e., the two elements that were 
combined to create the internal node), a set of clusters may be created by breaking the 
tree into subtrees (e.g., by eliminating the internal nodes with labels below a certain 
predetermined threshold value). The clusters created in this manner can be used to 
compare the effects of choosing differing similarity measures. 

10 

m. ALGORITHM & IMPLEMENTATION 

An exemplary implementation of a hierarchical clustering can proceed 
by selecting the most similar pair of elements (starting with genes at the bottom-most 
level) and combining them to create a new element. The "expression vector" for the 

15 new element can be the weighted average of the expression vectors of the two most 
similar elements that were combined. This exemplary structure of repeated pair-wise 
combinations may be represented in a binary tree, whose leaves can be the set of 
genes, and whose internal nodes can be the elements constructed from the two 
children nodes. The exemplary algorithm according to the present invention is 

20 described below in pseudocode. 

i 
) 

HIERARCHICAL CLUSTERING PSEUDOCODE 

Switch: 
25 Pearson: y = 1; 
Eisen: y = 0; 
Shrinkage: { 

Compute W = (M — 2) /^2jL 1 ~X.j Z 

Compute p = J2f =l J2Li (Xij - X-ifj (M(N - 1)) 

7 = l-W.j02/JV 

} 
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10 



While (# clusters > 1) do 
0 Compute similarity table:' 

c Z - ~ ( G J )** )( g tt ~ offset ) 

where {G,) ojrset =yGi. 
0 Find (/*, fc*) : 

S(G r ,G k *) ■> S(Gj,G k ) V clusters j, fc 
0 Create new cluster Nj*t* 

= weighted average of Gj* and G**. 
0 Take out clusters J* and 

TV. MATHEMATICAL SIMULATIONS AND EXAMPLES 

i 



, a. 77V SILICO EXPERIMENT 

To compare the performance of these exemplary algorithms, it is 
15 possible to conduct an in silico experiment. In such an experiment, two genes X and Y 
can be created, and N (about 100) experiments can be simulated, as follows: 

Xi = 9 X +<r x (a i (X ) Y)+M(Q,l))> and 
Yi — By +<7y(a*(X,r)+JVr(0,l)), 

where a u chosen from a uniform distribution over a range [L, H] (U(L, H)), can be a 
"bias term" introducing a correlation (or none if all a' s are zero) between X and Y. 6 X 
20 ~ N(0,t 2 ) and 0y ~ N(Q,t?), are the means of X and 7, respectively. Similarly, ox and 
ay are the standard deviations for X and Y, respectively. 
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With this model 



10 



20 



1 Ar 

~ ]y£te+^(M))(a*+^(0,l)) 

L \i=l / i=l 

if the exact values of the mean and variance are used. The distribution of S is denoted 
by F(ji,8), where // is the mean and S is the standard deviation. 

The model was implemented in Mathematica {See Wolfram 
("Wolfram"), The Mathematica Book. Cambridge University Press, 4th Ed. (1999), 
the disclosure of which is incorporated herein by reference in its entirety). The 
following parameters were used in the simulation: N = 100, x e {0.1, 10.0} 
(representing very low or high variability among the genes), a x = <ry = 10.0, and a = 0 
representing no correlation between the genes or a ~ U(0, 1) representing some 
correlation between the genes. Once the parameters were fixed for a particular in 
silico experiment, the gene-expression vectors for X and Y were generated several 
thousand times, and for each pair of vectors S C (X, Y), S P (X, Y), S e (X, Y), and S S (X, Y) 
were estimated by four different algorithms and further examined to see how the 
15 estimators of S varied over these trials. These four different algorithms estimated S 
according to equations (1) and (2), as follows: Clairvoyant estimated S c using the true 
values of 9 X , 9y, errand cry; Pearson estimated S p using the unbiased estimators X and 
Tof oa-, and or (for X offset and Y offset ), respectively; Eisen estimated S e using the value 
0.0 as the estimator of both <r x , and ay, and Shrinkage estimated & using the shrunk 
biased estimators d x and 0 y of B x and 9 Y , respectively. In the latter three, the 
standard deviation was estimated as in equation (2). The histograms corresponding to 
these in silica experiments can be found in Figure 4 (See Below). The information 
obtained from these conducted simulations, is as follows: 
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When X and Fare not correlated and the noise in the input is low {N ~ 
100, x = 0.1, and <x = 0), Pearson performs about the same as Eisen, Shrinkage, and 
Clairvoyant (S e ~ F(-0.000297,0.0996), S p ~ ^(-0.000269,0.0999), S e ~ 
F(-0.000254,0.0994), and S s ~ ^(-0.000254,0.0994)). 

When X and Y are not correlated, but the noise in the input is high (jV= 
100, x = 10.0, and a = 0), Pearson performs about as well as Shrinkage and 
Clairvoyant, but Eisen introduces a substantial number of false-positives (S c ~ 
F(-0.000971,0.0994), Sp ~ F(-0.000939,0.100), ^-^(-0. 00 119, 0.354), and S s ~ 
F(-0.000939,0.100)). 

When X and F are correlated and the noise in the input is low (N = 100, 
x = 0.1, and a ~ U(0,l)), Pearson performs substantially worse than Eisen, Shrinkage, 
and Clairvoyant, and Eisen, Shrinkage, and Clairvoyant perform about equally as 
well. Pearson introduces a substantial number of false-negatives (S c ~ F(0.331,0.132), 
S p ~ F(0.0755,0.0992), S e ~ F(0.248, 0.0915), and S s ~ F(0.245, 0.0915)). 

. Finally, when X and Y are correlated and the noise in the input is high, 
the signal-to-noise ratio becomes extremely poor regardless of the algorithm 
employed (S c ~ F(0.333, 0.133), S p ~ F(0.0762,0.100), ^-^(0.117, 0.368), and S s ~ 
F(0.0762, 0.0999)). 

In summary, Pearson tends to introduce more false negatives and Eisen 
tends to introduce more false positives than Shrinkage. Exemplary Shrinkage 
procedures according to the present invention, on the other hand, can reduce these 
errors by combining the positive properties of both algorithms. 

b. BIOLOGICAL EXAMPLE 

Exemplary algorithms also were tested on a biological example. A 
biologically well-characterized system was selected, and the clusters of genes 
involved in the yeast cell cycle were analyzed. These clusters were computed using 
the hierarchical clustering algorithm with the underlying similarity measure chosen 
from the following three: Pearson, Eisen, or Shrinkage. As a reference, the computed 
clusters were compared to the ones implied by the common cell-cycle functions and 
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regulatory systems inferred from the roles of various transcriptional activators (See 
description associated with Figure 5 below). 

The experimental analysis was based on the assumption that the 
groupings suggested by the ChIP (Chromatin ImmunoPrecipitation) analysis are 
5 correct and thus, provide a direct approach to compare various correlation 
coefficients. It is possible that the ChlP-based groupings themselves contain several 
false relations (both positives and negatives). Nevertheless, the trend of reduced false 
positives and false negatives using shrinkage analysis appears to be consistent with 
the mathematical simulation set forth above. 

10 In Simon et al. ("Simon"), Cell 106, 697-708 (2001), the disclosure of 

which is incorporated herein by reference in its entirety, genome-wide location 
analysis is used to determine how the yeast cell cycle gene expression program is 
regulated by each of the nine known cell cycle transcriptional activators: Ace2, Fkhl, 
Fkh2, Mbpl, Mcml, Nddl, Swi4, Swi5, and Swi6. It was also determined that cell 

15 cycle transcriptional activators which function during one stage of the cell cycle 
regulate transcriptional activators that function during the next stage. According to an 
exemplary embodiment of the present invention, these serial regulation transcriptional 
activators, together with various functional properties, can be used to partition some 
selected cell cycle genes into nine clusters, each one characterized by a group of 

20 transcriptional activators working together and their functions (see Table 1). For 
example, Group 1 may characterized by the activators Swi4 and Swi6 and the 
function of budding; Group 2 may be characterized by the activators Swi6 and Mbpl 
and the function involving DNA replication and repair at the juncture of Gl and S 
phases, etc. 

25 The hypothesis in this exemplary embodiment of the present invention 

can be summarized as follows: genes expressed during the same cell cycle stage (and 
regulated by the same transcriptional activators) can be in the same cluster. Provided 
below are exemplary deviations from this hypothesis that are observed in the raw 
data. 

30 

Possible False Positives: 



24 



WO 2004/097577 



PCT/US2004/012921 



Bud9 (Group 1: Budding) and {Ctsl, Egt2} (Group 7: Cytokinesis) can 
be placed in the same cluster by all three metrics: P49 = S82 es E47; however, the 
Eisen metric also places Exgl (Group 1) and Cdc6 (Group 8: Pre-replication complex 
formation) in the same cluster. 

Mcm2 (Group 2: DNA replication and repair) and Mcm3 (Group 8) 
can be placed in the same cluster by all three metrics: P10 = S20 =j E73; however, the 
Eisen metric places several more genes from different groups in the same cluster: 
{Rnrl, Rad27, Cdc21, Dunl, Cdc45} (Group 2), Hta3 (Group 3: Chromatin), and 
Mcm6 (Group 8) are also placed in cluster E73. 

Table 1: Genes in our data set, grouped by transcriptional activators 
and cell-cycle functions. 





Activatore 


GeiicK 


Functions 


1 


Swil, SwiB 


Olnl, 01n2, Gicl, Gie2. 
Mkd2, Rsrl» BudS, 
Mnnl, Odd, Ex£l r 
KreG, Cwpl 


£3 adding 


2 


SrciG, Mbpl 


Clb5, OlbG, Rnrl, 
Had27, Cdc21, Duid, 
RndSL OdclS, Maa2 


DNA replicardnn 
and impair 


3 


Sroii, SwiE 


Hcbl, Hcb2. Hta.1, 
Rta2, Hla3, Hhol 


Chraraatin 


4 


Flrhl 


HhW, HUM, TO2. ArpT 


Chromatin 


S 


Fkhl 


Total 


Mitosis Control 


G 


Nddl, Pkh2, 
Meral 


Clh2, Ace2. SwiS, 
Cdc20 


Mitosis Control 


t 


Ace2, SwiS 


Clsl, Egl2 


GytokinnsU 


B 


Mcml 


Mcm3, McmG, OdcG, 
Cdc4G 


Pra-rjeulicatian 
complex formation 


9 


Mcml 


Sce2. Rirl 


Matins 



Possible False Negatives : 

Group 1 : Budding (Table 1) may be split into four clusters by the Eisen 
metric: {Clnl, Cln2, Gic2, Rsrl, Mnnl} e Cluster a (E39), Gic2 e Cluster b (E62), 
{Bud9, Exgl} s Cluster c (E47), and {Kre6, Cwpl} e Cluster d (E66); and into six 
clusters by both the Shrinkage and Pearson metrics: {Clnl, Cln2, Gic2, Rsrl, Mnnl} 
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€ Cluster a (S3=P66), {Gicl, Kre6} e Cluster b (S39HPI7), Msb2 e Cluster c 
(S24=P71), Bud9 e Cluster d (S82=P49), Exgl e Cluster e (S48=P78), and Cwpl e 
Cluster/(S8=P4). 

Table 1 contains those genes from Figure 5 that were present in an 

5 evaluated data set. The following tables contain these genes grouped into clusters by 
an exemplary hierarchical clustering algorithm according to the present invention 
using the three metrics (Eisen in Table 2, Pearson in Table 3, and Shrinkage in Table 
4) threshold at a correlation coefficient' value of 0.60. The choice of the threshold 
parameter is discussed further below. Genes that have not been grouped with any 

10 others at a similarity of 0.60 or higher are not included in the tables. In the 
subsequent analysis they can be treated as singleton clusters. 

Table 2: Eisen Clusters 



E39 


SwH/SrciG 


ClnL. Dhi2, Gic2. Hsrl.. Miml 


EG2 


SwM/SwiC 


GicJ 


E47 


5wi4/5ui6 


BudD, Exgl 




Acc2/SwiS 


Ctnl.Kgtfi 




Maul 


GdcS 


EGG 


Strid/SvriG 


KraG, Gwpl 




BiviG/Mbpl 


GlbS, C1M, Rad51 




Flshl 


1^12 




Nddl./Fkh2/MmU 


Cdc20 




Maul 


CdclG 


ET3 


SwiG/Mbpl 


Rnrl, Ra.d27 r Cdc21, Dunl, 




Gdc45, MainS 




Smi/BmB 


Hta3 




Mcinl 


Maii3, McmS 


ES3 


EfwW/SwiB 


HtlU, Htb2. HCU, Htn2, Hied 




FkUl 


.HKl.HhU 


E32 


Fidil 


ArpT 


E3S 


Fkltl 


Teial 




Nddl/FkM/Mcml 


Qb2. Acg2. SwiS 


ESI 


Maul 


Str.2, Fbrl 
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Table 3: Pearson Cluatais 



I uu 




wiru, uiii, Lric!2, Iietl, Mnnl 


PIT 


Swi4/SwiG 


GicL. Krcfi 


r r 1 


Swld/SnriG 




Pdfl 


Swvl/3<riG . 


BudS 




AQi2/S(vi3 


Gist, Egp2 


P?3 


Swiil ySwiS 


Exgl 


P4 


Swi4/3wiG 


Cwpl 


P12 


SwiS/Mbpl 


C\bS, ClbS, Hurl, adc21, Diml, 
IladSl, OdcdS 






Htn3 




Pkhl 






Nddl,/Fkh2/&tcnil 


Gde20 




Mcml 


Mcm6. Gdo4G 


PIO 


SiviS/Mbpl 


Mem2 




Mcml 


Mcm3 


P54 


Swi4/SwJS 


Htbl, BUj2, Htal., Hta2., HboL ' 




Fkld 


HlvEL. Htita 


H37 


Fldil 


Arp" 


PIG 




01h2, Ace2, Sm5 


P50 


Mcml 


Sbe2, Pari 



6 
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TflHs 4: Shrinkage Clusters 



S3 


SwM/Su.16 


CUiil. CJn2.. Gic2, Hsrl. Jitoni 


S33 


Swift /SwiG 


Gicl, KrcG 


sai 


Sv.-id,/5vriG 


Msb2 


S32 


SwW/SwiS 
AcD2/SoriS 


HudS 

CCBl, Egt,2 


518 


Svri4/5mG 




SS 


Swi4/SwiG 


Crept 


S14 


SwlB/Mbpl 
Fklil 

NdrU/Fl£u3/Manl. 
Manl 


Clb5, ClhE, Hurl, Cdfl21, Diml, 

HadHl, Ctfcl3 

Tcl2 

Cdc20 

McmG, Ode46 


520 


SwiG/Mbpl 
Mcnil 


McmS 
Mcm3 


54 


Swid/Smfi 
Fklil 


Htbl. Htb2, Vital, Utn2, Hhnl 
HhFl, HM.1 


S13 


Svri4/8wiG 


Hta3 


ESS 


Fkhl 


AxpT 


S22 


NcMl/Fkh2/Mcml 


Clb2, Ace2, SreiS 


5S3 


| Mcml 


Sta2. Pari 



The value y = 0.89 estimated from the raw yeast data appears to be greater than a y 
value based equation [1]. Moreover, the value y = 0 performed better than y = 1. 
Such value also appears not to have yielded as great an improvement in the yeast date 
clusters as the simulations indicated. This exemplary result indicates that the true 
5 value of y may be closer to 0. Upon a closer examination of the data, it can be 
observed that it may be possible that the data in its raw "pre-normalized" form is 
inconsistent with the assumptions used in deriving y : 

1. The gene vectors are not range-normalized, so fif + f? for every j; and 
10 2. The N experiments are not necessarily independent. 



CORRECTIONS 

The first observation may be compensated for by normalizing all gene 
vectors with respect to range (dividing each entry in gene X by (X max - Xmin)), 
15 recomputing the estimated, value, and repeating the clustering process. As 
normalized gene expression data yielded the estimate y s 0.91 appears to be too high 
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a value, an extensive computational experiment was conducted to determine the best 
empirical y value by also clustering with the shrinkage factors of 0.2, 0.4, 0.6, and 
0.8. The clusters taken at the correlation factor cut-off of 0.60, as above, are 
presented in Tables 5, 6, 7, 8, 9, 10 and 11. 

Table 5: RN Data, 7 = 0.0 (Eisan Clusters) 



ES 


Swi-l/SviB 


CSul Msb3 Miml 


EVi 


StvU/SwfG 


Cln2, Rsri 




EwiG/Mbpl 


aibS, Clhfi, Hnrl, Hnd37, Cdc21, 






Dunl, RadSl, Odc4S 




SwU/So-ifi 


Hta3 




Pkhl 


Te12 




Nddl/FkhtyMeml 


CdcSO 




Mcml 


Monfi, Q0c4B 


EU 


SnM/Ewi6 


dial 


El 7 


Sn-U/SuiS 


Bud9 




Acc2/SwiS 


Ctsl, Egti2 




Mcml 


Ste2. fori 


EIG 


Swii/SvrtH 


Exgl 


E5B 


SwM/SwiS 


KrcG 


E1S 


SwiS/Mbpl 


Mcm2 




Mcml 


Mcm3 


E6G 


SvU/SvnG 


Htbl, Htb2 ; Html, HUBS, Hhal 




Pkhl 


Hhfl, Hbfcl 


E1Q 


FkUl 


Aipr 


E10 


Ffchl 






Nddl/Fkh2/Mcml 


Clb2, Acc2, Swi3 


Ell 


Mem! 


OdcG 
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l&bte 6: Range-norm allzGd data, f = D.2 



SojSD 


Swi4/SwiG 


Clnl. Gic2, Rsrl, Mnnl 




Swid/SwiG 


Gta2 




SwiG/Mbpl 


QbG, Rnrl, Rad2r, Cdc21. Dunl, 






RadSl, CdcdS 


Sdj>23 


Swld/SraiG 


Oicl 




Swi4/SwiG 


Bmffl 




Acs2/Sn?iS 


GtBl, Est2 




BwU/Svri6 


Exgl 




Fkhl 


ArpT 


SQ.2SI 


SwUl/SwiG 


ICreG 


&J.31S 


SwiG/Mbpl 


ObS 




SwU/SwiG 


Hta3 




Fkhl 


Tela 




Nd<lL/PUh2/Meml 


Cdc20 




Maul 


ManG, adc46 


Soa2S 


SwiG/Mtopl 


MemE 




Mcml 


Mcra3 


Sas25 


Bwiil/SwiG 


Hthl, Htbl HBO, Htn2, Hhol 




Fkhl 


HMl, Hhtl 




Fkfcl 






Nddl/Fleh2/Memi 


Glb2, Acc2, &*E 




Maul 


StE2 


5a. 2 SS 




Earl 



I 
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Tab] a 7: Tlange-nonnalizad data, 7 = 0.4 





Svfjil/SwI6 


Cln 1 , Gic2, Rsrl, Mma n 


S n ^13 


Swi4/S«ri6 


Clu2 




SwiS/Mbpl 


aibS, CUbG. Rnrl„ Had2r r C!di21. 






Dual, RadSl, Cftic4S 




SwM/SwiC 


Hta3' 




Plthl ' 


TcH — ■ — ■ - ■ 




Nddl/FKh2/Mcml 


Cdc2Q 




Mcml 


MavS, Odisie 




awi4/SnnE 


Cicl, KrtG 










Srcil/Svriti 


Bud9 




Aoa2/S*riS 


Otsl, Ef!£2 




SwM/Swifi 


ExgL 


Snj2 


SwIG/Mbpl 


Mem 2 




Mcml 


Mera3 




SwM/Swifi 


HfcbL, Hth2, Htai, Hta2, HhDl 




Fkhl 


Hbil, Hhnl 


Su.<2G 


Fkhl 


Arp7 


a u ^23 


Field. 


Tfeml 




Nddl/Pkh2/Mcml 


Glb2, Ace2, aviS 


So a IB 


Mcml 


OdeE 




Mcml 


5be£ 




Me nil 


Farl 
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Tablo 8r ThmEO-nnrmalized data, f = 0.6 





SwM./SolG 


Clnl. Gic2, Bert, Wiml 




Swi4,/SvriG 


Cln! 




S»siG/Mbpl 


ClbS, ClbS, Rnrl, BadST, OdeSl, 






Dunl, HadSl, CdcdS 




SrcU/SwiG 


Hta3 




PJdil 


Tel 2 




Nddl/Fkhfi/Mcml 


Gdc20 




Mcml 


ftlcwS, CdCilB 


Sq. b 3S 


Swi<l/SwiG 


Gicl, KteS 


Sa.B4r 


Srei4./SwiG 


Msb2 


Sa.aS2 


Sisid/SraG 


BudS 






Ctal, EfiLS 


5^20 


Swi4/Bwi6 


Exgl 




SwiG/Mbpl 


Man2 




Man] 


Mem3 


Sq.c9L 


SosM/SWiG 


Hthl, Htb2, HfcO, Hta2, Hhnl 




Ffelil . 


HhEl, Hhfcl 


SQja48 


Fklil 


ArpT 




N<Jdi/Fkh2/Meml 


Clb2- Aca2, SiviS 


5q.qG4 


Mcinl 


Slo2 


Bo.eG3 


Manl 


Ehrl 
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TabAe 9: Range-normalissed data, 7 = Q.B 



SnjiSl 


Swi4/SwiG 


CInl, Gic2, Rsrl, Mtml 


S D .B~ 


Swi4/Swi6 


Cln2 




SwiS/Mbpl 


ahS, Clb6, Rurl, Rad37. Cdc21, 






Dimi, ruiflnl, L»ac4a 




1*1/ m in 






Fkhl 


TWO 




Tf ddl /Pkh2 /Mcml 


Ctie20 








S n .g64 


SwM/SwiS 


Gict. KrEfi 


Sd.b90 


Swl4/SwiB 


Msb2 


So.k3J 


Sreitt/SwiS 


BudS 




Aos2/SwiS 


Ctsl. Egt2 




Snrid/SwiG 


Scjrl 


So.hG5 


Swi^/Swifi 


Owpi 


Sd.e13 


Sivlfi/Mbpl 


MotiS 




Mcml 


Mcnt3 


s D . E ir 


Swld/SwlG 


Htbl, Htb2, Hlal, Hla2, Hhol 




Pkhl 


Hhfl, Hhtl 


s„,„m 


Fklil 


Arpr 




Nrf£ll/FIdi2/Mcml 


Clh2, Aoe2, Swifi 


Sn. K 33 


Meml 


SttS 


S„. b 32 


Mcml 


PYirJ 
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liable ID: RJN Data, 7 = (Shrinkage Clusters) 



519 


Swt4/SvriE 


Glul, Gic2, RetI, Mnal 


ET3 


SwM/BwiG 


Cln2 




5wi6/MUpl 


ClbS. ClbG, Hnrl, Had27, CdcSl, 
Duni, RndSl, OdedS 




Swid/BvriG 


Hta3 




Pklii 


TteI2 






GdcSO 








SIS 


Bwi4/S<si£ 


Giol, KmB 


SIS 


Swid/SwiB 


k£sb2 


ESQ 


SwM/SwiG 


BeidQ 




Ace2/Swi5 


CCbI, Egt2 


SSS 


SiYid/SrclS 




S46 


Bwi4/Bvei6 


Cwpl 


SH 


SwiS/Mbpt 


&icm2 




Meml 


Mcm3 


SHI 


SwU/SwiG 
Fkhl 


Hthl, Htb2, HtiL, Hca2, HbaJ 
HhEl, Hint 


B37 


FkUl 


Arp" 


57 


NddVFkh2/Mcm] 


Qb2. Acd2. Sw15 


S91 


Mcml 


Bte2 


S92 


Maul 


Far! 
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Table 11: RK Data, 7 = UD (Pearson Clusters) 



P10 


Swi4/Swi6 


Qui, Gic2, n&rl, Muni 


PGS 


Bwid/Erci'G 


Cln2 




BwiG/Mbpl 


Qb5, ClhB, Hnrl, Hail27, Cdc21, 






Duni, RadSl, OdclS 




J3vti4/5wi6 


HtaS 




FJchl 






Nddiypji1i2/'Mcml 


Cdc20 




Man I 


ManC, CdcdS 


PI 


Swi4/SsviG 




P3S 


Swi4/Swi6 


Msb2 


PG6 


Swi4/SraG 


Bud3 






CfcfiL, Egt2 


P2Q 


Swi4VSwi6 


Exsl 


P2 


SwU/SwiG 


Cwpl 


PT2 


Swi6/MhpL 


Man2 




fcionl 


Man3 


PSS 


5wi4/SwiG 


Hthl, Htb2, HblI. Hta2, Htol 




Fkta.1 


HMi, Ilhtl 


P12 


Fkhl 


AvpT 


P46 


Ndai/Pklia/Menil 


dh2, Ara2. SwiB 


PG1 


Mtanl 


5ta2 


PB5 


Meuil 
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To compare the resulting sets of clusters, the following notation may 
be introduced. Each cluster set may be written, as follows: 



r ^ # of groups 

v J az=l 

where x denotes the group number (as described in Table 1), n x is the number of 
5 clusters group x appears in, and for each cluster j e {1, . . . , n x ), where arej^ genes 
from group x and zj genes from other groups in Table 1 . A value of "*" for zj denotes 
that clustery contains additional genes, although none of them are cell cycle genes; in 
subsequent computations, this value may be treated as 0. 

This notation naturally lends itself to a scoring function for measuring 
10 the number of false positives, number of false negatives, and total error score, which 
aids in the comparison of cluster sets. 



my) - |Z lyyzj 



(15) 



* \<j{k<.n x 

Error_score(7 ) = FP(y ) + FN(y ) (17) 



T = D-0 (JET) => 

{x. + > P {x,4} f {x, ay, {x t o}, {x t d», 
^ -> £{a,rj-,{x,x>} s 

3 «S,2j,{a.,X4}>, 

4 {{ 2 , 5 J, -p a X4>, fX , 

e -* «s,x>.ia a x4}} ( 

T -t ({2,3.}}, 

B {{2, 13}, {X, X}„ {X„ □}>, 

9 -f {{2„ »>} 

} 

Error _sodtx3(0>D) = 97 -+- SS = XSS 



36 



WO 2004/097577 



PCTVUS2004/012921 



7 = Q.2=* 
{1 -> {{4, «.},{l,7Ml,*}, •{!,*}> 

{l > L} 1 {U2},{l > 0} i £l 1 0} k {J < D}}, 

3 -» {{5,2},{i,5}}, 

4 -. {{2,5}, {1.5}, {1,1}}, 

6 {{3 f l},{l,5}} 

7 -» {{2,1}}, 

s {{2, {i^h ium< 

9 -» {{!.*}, {W«}} 
} 

Error-Score(CL2) = 3S -1- 94 = 1.32 

In such notation, the cluster sets with their error scores can be listed as 

follows: 



7 


= 0. 


4=4- 


7 


= CL6 =>. 


{1 




{{4,*}{1,13},{1,.},{1,.}, 


{1 










{2, V), {1,2}, {1,0}, {1,0}}, 






p t »},{i,a}.{i f Pi-.{i,o}}, 


2 




{{8,8.}, {1,1} }, 


2 




£{8,8},{L f l}}, 






{{s,2}{i, ia}}, 


3 




{{5,2}, {1,13}}, 


4 




{{2,5}, £1, 13} ,{!,*.}}, 


4 


— * 


{{2, 5}, {U 13}, {I,*}} 


5 




{{1<3KU 


5 






0 




{{3,1}, {1,13}}, 


e 




{{3,.}, {1,13}}, 


7 




£{2,1}}. 


7 




{{2,1}}, 


B 




{{2, 12}, {1,+}, {1,1}}, 


S 




{{2, 12}, {1,1}. {!,□}}, 


9 




{{!,*}> {!,«}} 


9 


!> 




} 






} 







Error J3aore(0.4) = 7S + 86 = 1G4 ErrorjscarQ(O.G) = 7S +• 86 = 161 



Error_score(0.6) = 75 + 86 = 161. 
T = 0.01(5") => 



{1 




{ {4, £1, 13}{1, *} . {1, -J, 
{1„ «■}, {2, »}, {1,2}, {1, O}}, 


2 






3 




•£{S,2}, {1,13}}, 


4 




{l{2 t 5},{;i.lS},{.l,*}}, 


s 






G 




{{3 ( *},{1,13}}, 


T 




{{2, 1}}, 


S 




t{2,i2K{;i f i},{:i,o}}, 


9 
} 




-[{1,*}, {!,*}} 
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7 =■ DJS =*■ 



{1 


— > 


{R +}, {1, 13k f 1, *}, {1„ *}, 

I I > J* 1*1* J } 1*1 J 1 \. > J 1 

a*M-.+}.{1.2},{1.0», 


2 




{{8,8}, {1,1}}, 


a 






4 


— t 


{{2, S},{l,ia>, {I,*}},- - 


5 




{{1.0}}. 


0 


— > 


{{S,*J, {1,15}}, 


7 






8 




{{8,33}, {1,1}, {!,□}}, 


8 
} 




££W. {*.'«}} 



Eriw^ia3re(0.8) = 73 + SG = 1G1 

Error_score(0.91) = 75 + 86 = 161. 

7 = 1.D(P)=* 



(1 


— > 


{K*}, {1. 13}, {!,*}, {1, +] , 


2 




{{& f 6}, {1,1}}, 


3 


— f 


{{6,2}, {1,13}}, 


4 




{{2*5}, £1,13}, {1,+}}, 


5 


— » 


{{1>D}}, 


e 




£{3.*},{1,1S}), 


7 




{{2.1}}, 


s 




{{2,12h{lU},{UP}}. 


9 




HW, {!.«>} 


} 







Erroi_scare(LQ) = 75 + SG = 1G1 

In this notion, y values of 0.8, 0.91, and 1.0 provide substantially identical cluster 
5 groupings, and the likely best error score may be attained at y = 0.2. 

To improve the estimated value of y , the statistical dependence among 
the experiments may be compensated for by reducing the effective number of 
experiments by subsampling from the set of all (possibly correlated) experiments. 
The candidates can be chosen via clustering all the experiments, i.e., columns of the 
10 data matrix, and then selecting one representative experiment from each cluster of 
experiments. The subsampled data may then be clustered, once again using the cut- 
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off correlation value of 0.60. The exemplary resulting cluster sets under the Eisen, 
Shrinkage, and Pearson metrics are given in Tables 12, 13, and 14, respectively. 



Table 12 RN Subsamplari Data, 7 - 0.0 (Elasn) 



■ - 

ESS 




Qui., Ocfal 


ESS 


SwM/SvsiG 


" Cln2; Msb% na:l,~ Bud3, Mnril, 




Exgl 




Swi6/Mbpl 






RadSl, adc43, Mcm2 




Sntt/SwiG 


Htfol, Htb2, Htii, HCB2, Htal 




mail 


HJiU.inttLArpr 




PkUl. 






Nddl/Fkh2,/Mcral 


Clb2,Ace2,Swi3 




Ace2/S«,lS 


Egt2 




Maul 


Mcm3, ManC, CdcG 


E22 


SrcH/BwiB 


Cicl 


E64 


Swi4/Buri6 


Gic2 


E33 


Swi4/Swi6 


KreG, Ctvpl 




SwiG/Mbpl 


CLbS. Clbfi 




5wi4/SwiG 


Hta3 




Nddi/FkM/Maui 


Gdc2D 




Mcml 


Cdc46 


EM 


Fklil 


TelS 


E23 


Ace2/S«ri5 


CceJ 


E43 


Metal 


SmQ 


E66 


Mcml 


Rirl 
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Table 13: RN Subsarnpled Data, •>-= 0.6G (Shrinkage) 



BIS 


S«i4/SwiG 


Qui, BndQ, Qchl 




Ace2/5wi5 


Egti2 




Mcml 


CdcG 


SG 


Sm4/S«ri6 


Qn 2, Gic2, Msb2, BhtI, Mnnl 
Exgl 




Swi6/Mbpl 


Hurt, Radar, Cdi2l, Dual, 
RadSl, CdodS 


S32 


Swi4/SwiG 


Gicl 


SOS 


SvriG/Mbpl 
Fkhl 


KraC, Cwpl 
Glb5 s ClhG 
TM2 




NdUl/PkhD/Mcml 
Ricrnl 


Cdc20 
Gdc46 


SIS 


Swi6/Mbpl 
Mcml 


Mcm2 
Mcjd3 


su 




Hrtil H6b2, Htid, Rta2, Hhol 




Fkhl 


Htafl, Hhtl 


533 


Switl/SvriG 


Hta3 


530 


Fktil 


ArpJ- 




Nddi/FkhS/Meml 


Clb2 r AeeZ SiviS 


9G2 


Fktil 




S53 


Ace3,/5wiS 


Ccsl 


St4 


Mcml 


McroC 


S3S 




Sto2 


S3S 


Mcml , 


Pari 
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Table 14: RTi Subsampled Data, 7 = 1.0 (Peaceon) 



PI 


Bwil/SwiE 


Olnl, Ochl 


PIS 




On2, Rsrl, Mnnl 




SwiG/Mbpl 


Cac21.,Dunl, Rami, GdolS, Mcm2 




Mont 


Mcm3 


P20 


S\rii/SmE 


Oiol 


P2 


Swil/SwiG 


Old 2 


P3 


Sivi4/Swi6 


Msh2, E*El 1 




SwiG/Mbpl 


Hnrl 


P51 


SwiA/Swifi 


Bnd9 




Nild.l/Flch2/Mcnil 


ah2,.Arsa2, SwlS ' 




Aca3/SwiS 


Hgt2 




Manl 


CricG 


Pll 


Swl4/SwiG 


KteB 


PG2 


SwM/SrviG 


Orpl 




SwiG/Mbpl 


DlbS, OlhB 




Swid/SwiG 


Hto3 




Ncld.]/Pkh2/Mcni 1 


Cdn20 




Meml 




PiS 


SwiG/Mbpl 


Had2r 




Swid/SwiG 


Htbi, Htb2, Htal, Hla2, Htol 




FJcJil 


HM1, Hhsl 


P1D 




1612 




Mcml 


McraG 


P23 


Fkhi 


Aip? 


PSD 


Fkhl 


Haul. 


PG9 


A ceS/ScriE 


Old 


PAS 


Mcnil 


Bcg2 


PIS 


Mcral 


Pnrl 



The subsampled data may yield the lower estimated value » 0.66. In the 
exemplary set notation, the resulting clusters with the corresponding error scores can 
be written as follows: 
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{1 




{{0, 23} P {2, «} , {2, 5}, {1, .},{1, «}}, 


2 




{{7,22},{2,S}}, 


3 


? 


{{S,24} : {1,8}}, 


4 




{{3,36), {l,*}}, 


5 




{{1,3S}}, ~ 


6 


—7- 


{{3, 3D}, {1,6}}, 


? 




{{1,+}, {1,28}}, 


B 




{{B,3G},{1,G}}, 


9 
} 




{{1, «.},{!,-}} 



Errar.scar8(0.D) = 370 + 7B = 440 
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7 = £L6Q(S) : 









2 


— 7 


{{B,0} 5 '{2,S},{l,l)] a 


3 




{{5.2MW1. 


-1 






S 


T 




6 




{{a ; iy.,{i,6>}, 


7 




{{1,-h {1,4ft, 


S 




{{l^MMMMLi^eft, 


9 
} 




{{1, «.}.{!, *>} 



EiTOT_score(0.6C) = 76 + 88 = 164 



7 






-, {{3, G}. {2, *}-, {2, 1}. {l r *}, 




{i«*KiVMi.fi).{-it6ft. 


2 


-» {{S 1 4> ( {2 ( 4} r 0,2},-[l i 7}L 


a 


- «S,3l,{l,Sft t 


4 


-» {{2, «},{!, ft, {1,1}}, 


5 


- {{I,*}}, • 


0 


- {{3.3},{l,Sft 


7 


-i Cfi.+}.{i,s}j. 


6 


{{i,ij,{i,s},{i,5},n.B» < 


9 

1 




Errar_jso3iB(:L0) = 63 + 10T = 176 



From the tables for the range-normalized, subsampled yeast data, as 
well as by comparing the error scores, it appears that for the same clustering 
algorithm and threshold value, Pearson introduces more false negatives and Eisen 

introduces more false positives than Shrinkage. The exemplary Shrinkage procedure 

i 

according to the present invention may reduce these errors by combining the positive 
properties of both algorithms. This observation is consistent with the mathematical 
analysis and simulation described above. 



GENERAL DISCUSSION 
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Microarray-based genomic analysis and other similar high-throughput 
methods have begun to occupy an increasingly important role in biology, as they have 
helped to create a visual image of the state-space trajectories at the core of the cellular 
processes. Nevertheless, as described above, a small error in the estimation of a 
parameter {e.g., the shrinkage parameter) may have a significant effect on the overall 
conclusion. Errors in the estimators can manifest themselves by missing certain 
biological relations between two genes (false negatives) or by proposing phantom 
relations between two otherwise unrelated genes (false positives). 

A global illustration of these interactions can be seen in an exemplary 
Receiver Operator Characteristic ("ROC") graph (shown in Figure 6) with each curve 
parameterized by the cut-off threshold in the range of [-1,1]. The ROC curve (see, 
e.g., Egan, J.P., Signal Detection Theory and ROC analysis, Academic Press, New 
York. (1975), the entire disclosure of which is incorporated herein by reference in its 
entirety) for a given metric preferably plots sensitivity against (1 -specificity), where: 

Sensitivity = fraction of positives detected by a metric 

TP(y) 
TP(y) + FN(y)' 

Specificity = fraction of negatives detected by a metric 

_ TN(y) 
TN(y) + FP(jY 

and TP(y), FN(y), FP(y) and TN(y) denote the number of True Positives, False 
Negatives, False Positives, and True Negatives, respectively, arising from a metric 
associated with a given y. (Recall that y is 0.0 for Eisen, 1.0 for Pearson, and may be 
computed according to equation (14) for Shrinkage, which yields about 0.66 on this 
data set.) For each pair of genes, {f,k}, we can define these events using our 
hypothesis as a measure of truth: 

TP: {j, k) can be in same group (see Table 1) and {/, k} can be placed in same cluster; 

FP: {j, k} can be in different groups, but {j, k} can be placed in same cluster; 

TN: {j, k} can be in different groups and {/, k) can be placed in different clusters; and 
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FN: {/, k} can be in same group, but {/, k} can be placed in different clusters. 

FP(y) and FN(y) were already defined in equations (15) and (16), respectively, and we 

define 

rp(j)=zik j ) - (18) 

X >i 

5 and 

TN(y) = Total -(TP(j) + FW(y) + FP(jy) ( 19 ) 

where Total = (f )= 946 is the total # of gene pairs {/", k) in Table 1. 
The ROC figure suggests the best threshold to use for each metric, and can also be 
used to select the best metric to use for a particular sensitivity. 
10 The dependence of the error scores on the threshold can be more 

clearly seen from an exemplary graph of Figure 7, which shows that a threshold value 
of about 0.60 is a reasonable representative value. 

B. FINANCIAL EXAMPLE 

15 The algorithms of the present invention may also be applied to 

financial markets. For example, the algorithm may be applied to determine the 
behavior of individual stocks or groups of stocks offered for sale on one or more 
publicly-traded stock markets relative to other individual stocks, groups of stocks, 
stock market indices calculated from the values of one or more individual stocks, e.g., 
20 the Dow Jones 500, or stock markets as a whole. Thus, an individual considering 
investment in a given stock or groups of stocks in order to achieve a return on their 
investment greater than that provided by another stock, another group of stocks, a 
stock index or the market as a whole, could employ the algorithm of the present 
invention to determine whether the sales price of the given stock or group of stocks 
25 under consideration moves in a correlated way to the movement of any other stock, 
groups of stocks, stock indices or stock markets as a whole. If there is a strong 
association between the movement of the price of a given stock or groups of stocks 
and another stock, another group of stocks, a stock index or the market as a whole, the 
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prospective investor may not wish to assume the potentially greater risk associated 
with investing in a single stock when its likelihood- to increase in value may be limited 
by the movement of the market as a whole, which is usually a less risky investment. 
Alternatively, an investor who knows or believes that a given stock has in the past 
5 outperformed other stocks, a stock market index, or the market as a whole, could 
employ the algorithm of the present invention to identify other promising stocks that 
are likely to behave similarly as future candidates for investment. Those skilled in the 
art of investment will recognize that the present invention may be applied in 
numerous systems, methods, and software arrangements for identifying candidate 
10 investments, not only in stock markets, but also in other markets including but not 
limited to the bond market, futures markets, commodities markets, etc., and the 
present invention is in no way limited to the exemplary applications and embodiments 
described herein. 

The foregoing merely illustrates the principles of the present invention. 

15 Various modifications and alterations to the described embodiments will be apparent 
to those skilled in the art in view of the teachings herein. It will thus be appreciated 
that those skilled in the art will be able to devise numerous systems, methods, and 
software arrangements for determining associations between one or more elements 
contained within two or more datasets that, although not explicitly shown or described 

20 herein, embody the principles of the invention and are thus within the spirit and scope 
of the invention. Indeed, the present invention is in no way limited to the exemplary 
applications and embodiments thereof described above. 
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APPENDIX 

APPENDIX A.1 - RECEIVER OPERATOR CHARACTERISTIC CURVES 

Definitions 

If two genes are in the same group, they may "belong in same cluster", 
and if they are in different groups, they may "belong in different clusters." Receiver 
Operator Characteristic (ROC) curves, a graphical representation of the number of 
true positives versus the number of false positives for a binary classification system as 
the discrimination threshold is varied, are generated for each metric used {i.e., one for 
Eisen, one for Pearson, and one for Shrinkage). 
Event: grouping of (cell cycle) genes into clusters; 

Threshold: cut-off similarity value at which the hierarchy tree is cut into clusters. 
The exemplary cell-cycle gene table can consist of 44 genes, which gives us C(44,2) = 
946 gene pairs. For each (unordered) gene pair {J, k}, define the following events: 
TP: {/, k} can be in same group and {/, k} can be placed in same cluster; 
FP: {/, k) can be in different groups, but {/, k} can be placed in same cluster; 
TN: {j,k} can be in different groups and {j,k} can be placed in different clusters; and 
FN: {/, k} can be in same group, but {/, k} can be placed in different clusters. 
Thus, 

JP(r) = Y, Tp (U,k}) 

um 

FP(r)= YFP«j,k}) 
U*} 

FN(y) = J^FN«j,k}) 

U,k) 

where the sums are taken over all 946 unordered pairs of genes. 
Two other quantities involved in ROC curve generation can be 
Sensitivity = fraction of positives detected by a metric 
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TP(y) 



Specificity = fraction of negatives detected by a metric 
-TN{y) + FP(j)' 

The ROC curve plots sensitivity, on the jy-axis, as a function of (1- specificity), on the 
5 jr-axis, with each point on the plot corresponding to a different cut-off value. A 
different curve was created for each of the three metrics. 



FP(y), and TN(y) can be computed using an exemplary set notation for clusters, with a 
relationship of: 



The following sections describe how the quantities TP(y), FN(y), 




# of groups 



10 



Computations 



A. 



TP 




# gene pairs that were placed in same cluster 



15 



and belong in same group. 



For each group x given in set notation as 
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pairs from each vy should be counted, i.e., 

n»(*)-(r)+...+(H-i;(?) 

Obtaining a total over all groups yields 



P group s «, / \ 



B. FN 

FN(y)= Y/W({/7*}) = 

# gene pairs that belong in same group 

but were placed into different clusters. 



j=].fc:j+] 

s = 1. 



Every pair that was separated could be counted 
10 However, when n x = 1, there is no pair {j, k} that satisfies the triple inequality 1 < j < 
k < n x , and hence, it is not necessary to treat such pair as a special case. 



# groups 
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C. FP 

# gene pairs that belong in different groups 
but got placed in the same cluster. 
The expression 

Kiar 

may count every false-positive pair {j, k} twice: first, when looking at/s group, and 
again, when looking at k's group. 

D. TN 

TN(y)= £TN( {,,£}) = 

I/.*) 

# gene pairs that belong in different groups and got placed in different clusters. 
Instead of counting true-negatives from our notation, the fact that the other three 
scores are known may be used, and the total thereof can also be utilized. 
Complementarily. Given a gene pair {/,£}, only one of the events {TP({/,/c}), 
FN({/.*}), FP( {/,£}), TN( {/,£})} may be true. This implies 

£tp(0 , >*})+£fn({ M }) + 

tMJ {>.*) 

= TP( Y ) + FN(y ) + FP(y ) + TN(y ) = 
= (r)= 44_43 =946 = Total 
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.". TN(y ) = Total - (TP(y ) + FN(y ) + FP(y )) 

Plotting ROC curves 

For each cut-off value 0, TP(y), FN(y), FP(y), and TN(y) are computed 
as described above, with 7 e {0.0, 0.66, 1.0} corresponding to Eisen, Shrinkage, and 
Pearson, respectively. Then, the sensitivity and specificity may be computed from 
equations (20) and (21), and sensitivity vs. (1 -specificity) can be plotted, as shown in 
Figure 6. 

The effect of the cut-off threshold 6 on the FN and FP scores 
individually also can be examined, using an exemplary graph shown in Figure 7. 

A 3 -dimensional, graph of (1 -specificity) on the jc-axis, sensitivity on 
thejy-axis, and threshold on the z-axis offers a view shown in Figure 8. 
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A.2 Computing the marginal pdf pern 



* J — GO 

1 _ J_ „ 



- C 



Fiist, rewrite the expoaemi as a complete squara 



q«+r* 
^ 2 T 2 



(•"TO**) 

2 _2 



-v 



(23) 



(24) 
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Substicut5iig (24) into (23) yields 



t 2 ~ 



to cbnktrjne the eomputotiDn in 



Nam use the eornpletDd square in 
(22). 



/ e e 

23WT J.iQ 



£ 




Then 



c£0 



dip = d0 f 



7 ^^T^ 



r 



t " agar 2 
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and 



w - • z r ^j^* 

Tr v /a(^+ra). /_«, " ^ 

1 ~ 2(^+^2) 

= — _ e 



Tbarefoce 
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A>3 CALCULATION OF THE POSTEBIOB. DISTRI- 
BUTION OF $j 

will be dirappetf in this appendix. Herein, 9/ will *e replace s 
Xj by X 

f / . , pr-fti s M 
(1 /2jr<rr) as p |- |j^r + a^ 2 JI 




exp 



+X a {rV+*- B >-^*)] 



- 2(* a +T> >t 2 X +T 4 X ffl ] 



2 



_ 1 g- + r s )ff - ^X} 



^r 2 



/ r 2 \ 2 / ^rr 2 
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Tbsrefbre, 



(«-^)' 



.(275 



56 



WO 2004/097577 PCT/US2004/012921 



A.4 Proof of the fact that n indepen- 
dent OBSERVATIONS FR0MJTHE NORMAL 

— - POPUL-ATIQN-A£(#, ff 8 } CAN BE TREATED AS 
A SINGLE OBSERVATION FROM tf(& t a^/n) 

Given the data if, ff&\9) can he viewed aa a function of *, We tiien call 
it the MeMhood frnicMon of iff for gtvsa if, and write 

When jf is a aiHgle data point from Af{0j cr 5 )^ 



y) « QSEp 



;-k^")T 



: asp 



1 



where a; is same ftancfcLran. of 

Not/, suppose that j/ = {*fi, , ^ . represents a vector of n inde- 
pendent ooesn.'a.tdans from jV r (9 5 ar 3 )* We can denote the sample mean 
by 

y - - Vim* 
ft 



Tihe likelihood function of i& given such Independent observations 
from M(&i^) iB. 



Also, since 

X> - *> a = — 55 S H- «(y - 9)\ 

t—t i-t 

it follows that 



{29) 



1(0$) ec exp 



oc exp 



const w.r.t. (9 

which is a Normal function with meanf? and variance cr 2 /in. Comparing 
with (28) f we can recognize that this 3s equivalent to treating the data 
as a single ohsarvatioh § with mean 0 and variance o^/yi, La. , 
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Proof of (29): 

■t— i * 

t 

ng — = O 



5 



10 
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A, 5 Distribution of the Sum of two Inde- 
pendent Normal Random Variables 



-Lat- 



he two independent random variables. 
Claim: X+r^^(0 ( Q 5 +^) 

f This result is" used for Normal c.v.b, although e 

more genial rssalt can be proi r ee.J 
Prvoaf: (use racnieni generating' functiana) 

VSswi' J— do 
Oamplettag. the Bqiiaie s we obtain: 

as 2 - Wis = * 2 - 2(d^a 4^ (a»«)» -'(e**t> 9 . 

Usiirtg tire resnalfc of (33> in £32} yields 



Lets' = 

a 

cjjp = — j" diss — Q't 
fit' 



(33) 
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With this substitution., we obtain 

k or 1 * 2 



5 - -4 



mx-(t) = E / -— a / e 



or 

Similarly 

*»*-{*) - « (35) 



To obtain the distribution of X-f Y, it suffices to compute the cor- 
responding moment generating function: 

„ f tX\ { tY\ 
= Ble JEle I by independence of X and Y 

' i a 2 * 2 i tf 2 * 2 
. = e 2 • e 2 by (34) and (35) 

§(o: 2 +£ 2 )£ 2 

= e 

which is a moment generating function of a Normal random variable 
with mean 0 and variance or 2 4- £ 2 . Therefore, 

X + Y ~ jV(0, a 2 + /3 2 ) . (36) 
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A.6 Properties of the Cm- square Distri- 
bution 

Let Jfc.X* .. . ,X k be ii.d.r.v.'s from standard Normal- distribution. 



1 ' e " Xj~Af(0 f l) Yj 



Then 

k 



,1 



is a random variable from CM-aqrLe distribution with fc degrees of 
freedom, denoted „ 

It has the probability density function 

, .jffc/2- l fi -*/2 for js > 0 



1 1 . 
2*/*r(k/*)' 

e 

r(fe}= / t fc - 1 e-*<ife 
Jo 



otherwise 

where 



The result we are using is 

which can be obtained as follows: 



1 fi x k/»-j e -/ a (to 



2 fc / 2 r(fc/2) 
1 

2 fc / 2 r(fc/2) 



(37) 



Jo 
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Let 



t = x/2 x = 2t 

dx = 2dt 

£C — CO i ~ <X> 

/"OS 

= / {2tf /2 ~ 2 e~* 2dt 
Jt=i) 

= 2 fc / 2 - 2 • 2 P £ fc / 2 - 2 e- 4 d*. . (39) 
Jo 

Let 

■ « = e~* di> = t*t*-*db 

du = -*-*dt t> = forfc>2 
Integration by parts transforms (39} into 

_ ;>V3-1 ( 1 e-^t^ 2 - 1 ! 00 - — t h ^~ l (-e-*) dt 



fe/2 - 1 Jo , 

r(fc/2), by (37) 

fe/2 - 1 w 



Substituting this result in (3S) yields 

1 2*/ 2 - 1 r(fc/2) 



E 



2 fc /2r(fc/2) fc/2 - 1 



2(fe/2-l) 

— forfc>2. (40) 
fc-2 
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A. 7 Distribution of Sample Variance s 2 

Let Xj- ~ er 2 ) For j = 1. . . . s n be independent r.v.'s. We'll derive 
the joint distribution of . . - — . . 



3=1 



>=1 



WX.O.G. can reduce the problem to the case «A/(0, 1), i.e., fj = 0, 
a 3 = 1: Let Z 7 = (Xj - p.) /o- . Then 

n \ a er J tr \ n y 



and hence 



(41} 



Also, 



{•n - l)s 2 i 



cr2 
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By (41) and (42), it suffices to derive the joint distribution of Jn2 
and J^ =1 {Zj- Z) 2 .. where Z%, . . . , Z« are Li.d. from jV(0, 1). 



Let 



-—Pi \ 

P2 



p n / 

be an n x n orthogonal matrix where 



and the remaining rows Pj are obtained by, say, applying Gramm- 
Schxnidt to {m,e 2> e 3 ,. ,6,,}, where e rf is a standard unit vector in 
j th direction in TL n . Let 



Y = F2 



\ 


{ Zy \ 


- 


1 







Then 

1 



Since P is orthogonal, it preserves vector lengths: 

||Y|| 2 - W 



E^ 2 = 

4=1 J- 1 



2 
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Hence 



- r-*.;-_, - " — - - Owl. 



p - • •*« — 



2=1 

Si.ce the r/s axe nnrtnally independent (fey orthogonality of P), ■* 
can conclude that 

j'=2 3— 1 

is independent of 

Also by orthogonality of P, Y, - JW 1) *r J - L ■ ■ ■ 



so 



and hence, by (42) and (44), 



sh« e (XI) = *. £» XI ~ X? fc) . « «=»» 856 *"* 



(45) 
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Also, since 

( 



we can conclude that 



Lb., s 2 ib an unbiased estimator of the variance cr % 



Various publications have been referenced herein, the contents of 
5 which are hereby incorporated by reference in their entireties. It should be noted that 
all procedures and algorithms according to the present invention described herein can 
be performed using the exemplary systems of the present invention illustrated m 
Figures 1 and 2 and described herein, as well as being programmed as software 
. arrangements according to the present invention to be executed by such systems or 
10 other exemplary systems and/or processing arrangements. 
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WHAT TS CI -ATMED IS : 

1. A method for determining an association between a first dataset and a second 
dataset comprising: 

a) obtaining at least one first data corresponding to "one or more prior 
assumptions regarding said first and second datasets; 

obtaining at least one second data corresponding to one or more portions of 
actual information regarding said first and second datasets; and 
combining the at least one first data and the at least one second data to 
determine the association between the first and second datasets. 

The method of Claim 1, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are random variables with a 
known a priori distribution. 

The method of Claim 1, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are normal random variables 
with an a priori Gaussian distribution 7V(u, x 2 ), wherein u which is a mean, and 
T 2 which is a variance may be unknown. 
, The method of Claim 1, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are normal random variables 
with an a priori Gaussian distribution tfQi, t 2 ), wherein u- is known. 
>. The method of Claim 1, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are zero-mean normal random 
variables with an a priori Gaussian distribution AJ(n, x 2 ), wherein u=0. 

6. The method of Claim 1, wherein one of the one or more portions of the actual 
information is an a posteriori distribution of the means of the first and second 
datasets obtained directly from the first and second datasets. 

7. The method of Claim 1 , wherein the association is a correlation. 

8. The method of Claim 1 , wherein the association is a dot product. 

9. The method of Claim 1, wherein the association is a Euclidean distance. 
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10. 



1.1. 



12. 



The mefnod of Claim 7, wherein the *— of the —n 
comprises a use of James-Stem Shrinkage estimators in conjunction wrth to 
first and second data. 

The method of Claim 10, i*^**^*™***™**™- 
a collation coefficient that is modified hy an opfimal shrinkage parameter , . 

The method of Claim 11. wherein determination of the opfimal shrinkage 
parameter T eomprises the use of Bayesian eonsiderafions in conjunction wrth 
" the first and second data. 
The method of Claim 11, wherein the shrinkage parameter „ is estimated from 
the datasets using cross-validation. 

The method of Claim 1 1 , wherein the shrinkage parameter T is estimated hy 
simulation. 

The method of Clahn 11, wherein the correlation eoefficient inclndes a 
ptarality of correlation coeffieients parameterized hy 0 < » i 1 and may he 
15 defined, for datasets Xj andX* as: 

S{Xj,X k ) 



13. 

10 

14. 
15. 



= jr^X T, ){ •» ) 



wherein 



20 . 
16. Tne method ofClaim 15, wherein y -(l-j^-^^^ 



"7 
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wherein M represents, in an M x N matrix, a number of rows corresponding to 
datapoints from the first dataset, and N represents a number of columns 
corresponding to datapoints from the second dataset. 

17. The method of Claim 16, wherein M is the number- of rows corresponding to- 
5 all genes from which expression data has been collected in one or more 

micro array experiments. 

18. The method of Claim 16, wherein M is representative of a genotype and N is 
representative of a phenotype. 

19. The method of Claim 18, wherein the correlation is a genotype/phenotype 
10 correlation. 

20. The method of Claim 19, wherein the genotype/phenotype correlation is 
indicative of a causal relationship between a genotype and a phenotype. 

21. The method of Claim 20, wherein the phenotype is that of a complex genetic 
disorder. 

15 22. . The method of Claim 21, wherein the complex genetic disorder includes at 
least one of a cancer, a neurological disease, a developmental disorder, a 
neurodevelopmental disorder, a cardiovascular disease, a metabolic disease, an 
immunologic disorder, an infectious disease, and an endocrine disorder. 

23. The method of Claim 7 wherein the correlation is provided between financial 
20 information for one or more financial instruments traded on a financial 

exchange. 

24. The method of Claim 7 wherein the correlation is provided between user 
profiles for one or more users in an e-commerce application. 

25. A software arrangement which, when executed on a processing device, 
25 configures the processing device to determine an association between a first 

dataset and a second dataset, the software arrangement comprising a 
processing subsystem which, when executed on the processing device, 
configures the processing device to perform the following steps: 
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26. 

10 

27. 

15 

28. 



20 29 



25 



. a) obtaining at least one first data corresponding to one or more 
prior assumptions regarding said first and second datasets; 

b) obtaining at least one second data corresponding to one or more 
portions of actual information regarding said first and second 
datasets; and 

c) combining the at least onefirst data and the at least one second 
data to determine the association between the first and second 
datasets. 

The software arrangement of Claim 25, wherein one of the one or more prior 
assumptions is that the means of the first and second datasets are random 
variables with a known a priori distribution. 

The software arrangement of Claim 25, wherein one of the one or more prior 
assumptions is that the means of the first and second datasets are normal 
random variables with an a priori Gaussian distribution MP, A wherein » 
which is a mean, and x 2 which is a variance may be unknown. 
The software arrangement of Claim 25, wherein one of the one or more prior 
assumptions is that the means of the first and second datasets are normal 
random variables with an a priori Gaussian distribution x 2 ), wherein u- is 
known. 

The software arrangement of Claim 25, wherein one of the one or more prior 
assumptions is that the means of the first and second datasets are zero-mean 
normal random variables with an a prion Gaussian distribution AT(m t 2 ), 
wherein u=0. 

30. The software arrangement of Claim 25, wherein one of the one or more 
portions of the actual information is an a posteriori distribution of the means 
of the first and second datasets obtained directly from the first and second 
datasets. 

The software arrangement of Claim 25, wherein the association is a 
correlation. 
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32. The software arrangement of Claim 25, wherein the association is a dot 
product. 

33. The software arrangement of Claim 25, wherein the association is a Euclidean 
distance.. _ ._. _ ~~ — — --• " 

5 34. The software arrangement of Claim 31, wherein the determination of the 
correlation comprises a use of James-Stein Shrinkage estimators in 
conjunction with the first and second data. 

35. The software arrangement of Claim 34, wherein the determination of the 
correlation utilizes a correlation coefficient that is modified by an optimal 

10 shrinkage parameter y . 

36. The software arrangement of Claim 35, wherein determination of the optimal 
shrinkage parameter y comprises the use of Bayesian considerations in 
conjunction with the first and second data, 

37. The software arrangement of Claim 35, wherein the shrinkage parameter y is 
1 5 estimated from the datasets using cross-validation. 

38. The software arrangement of Claim 35, wherein the shrinkage parameter y is 
estimated by simulation. 

39. The software arrangement of Claim 35, wherein the correlation coefficient 
includes a plurality of correlation coefficients parameterized by 0 < y < 1 and 

20 may be defined, for datasets Xj and X k as: 

S(X,-,X fc ) 

wherein ^ = £ J- (x v - {Xj) ojfa jf 
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The software airangement of Claim 39, wherein y 




MN(N-l) Sfci^ 2 



m-2 s^slLiC^fe-yfe) 




41. 

10 42. 
43. 
44. 

15 

45. 

46. 

20 ' 

47. 

25 

48. 



where M represents, in an M x N matrix, a number of rows corresponding to 
datapoints from the first dataset, and N represents a number of columns 
corresponding to datapoints from the second dataset. 

The software arrangement of Claim 40, wherein M is the number of rows 
corresponding to all genes from which expression data has been collected in 
one or more microarray experiments. 

The software arrangement of Claim 40, wherein M is representative of a 
genotype and Nis representative of a phenotype. 

The software arrangement of Claim 42, wherein the correlation is a 
genotype/phenotype correlation: 

The software arrangement of Claim 43, wherein the genotype/phenotype 
correlation is indicative of a causal relationship between a genotype and a 
phenotype. 

The software arrangement of Claim 44, wherein the phenotype is that of a 
complex genetic disorder. 

The software arrangement of Claim 45, wherein the complex genetic disorder 
includes at least one of a cancer, a neurological disease, a developmental 
disorder, a neurodevelopmental disorder, a cardiovascular disease, a metabolic 
disease, an immunologic disorder, an infectious disease, and an endocrine 
disorder. 

The software arrangement of Claim 31 wherein the correlation is provided 
between financial information for one or more financial instruments traded on 
a financial exchange. 

The software arrangement of Claim 31 wherein the correlation is provided 
between user profiles for one or more users in an e-commerce application. 
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49 A storage medium which inCudes thereon a software arrangement for 

soft ware arrangement comprising a processing subsystom wh,* when 
a^utrf on to processing device, configures the prooessmg devtce 
5 perform the following steps: 

a) obtaining at least one first data corresponding to one or more 

prior assumptions regarding said first and second datasets; 
W obtaining at least one second data corresponding to one or more 
portions of actual information regarding said first and second 

in datasets; and 

c) combming the at least one first data and the at least one second 
data to determine the association between the first and second, 
datasets. 

The storage median, ox Claim 49, wherein one of the one or more prior 
assnmptions is that the means of the first and second datasets are random 
variables with a known apriori distribrmon. 

The storage meditmt of Claim 49, wherein one of the one or more prior 
options is that the means of the firs, and second datasets a« norma! 
mta variables with an . prior, Gausstan distribution *fe « >■ * 
which is a mean, and S which is a variance may he unknown. 
The storage medium of Claim 49, wherein one of the one or more prior 
assumptions is drat toe means of toe firs, and second datasets are normal 
random variables wito an - prior, Gaussian dishibnfion J*. A wherem 
parameter n is known. 

The storage medium of Claim 49, wherein one of the one or more prior 
assumptions is that toe means of toe firs, and seeond datasets are zem-mean 
normal random variables with an . pnor, Gaussian distribution m, fk 
wherein u=0. 



50. 

15 

51. 

20 

52. 



25 53. 
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54. 



55. 
56. 
57. 

58. 



59. 



The storage medrom of Claim 49, wherein one of the one or more porfions of 
the actual information is an a posteriori distribution of the means of the first 
aad second datasets obtained directly from the first and second datasets. 
The storage medium of Claim 49, wherein the association is a correlation. 
The storage medium of Claim 49, wherein the association is a dot product. 
The storage medium of Claim 49, wherein the association is a Euclidean 
distance. 

The storage medium of Claim 55, wherein the deterrmnation of the correlation 
comprises a use of James-Stein Shrinkage estimators in conjunction warn the 
10 first and second data. 

The storage medium of Claim 58, wherein the detenninatum of the correlation 
utilizes a correlation coefficient that is modified by an optimal shnnkage 
parameter y . 

The storage medium of Claim 59, wherein determination of the optimal 
shrinkage parameter y comprises the use of Bayesian considerations m 
conjunction with the first and second data. 

The storage medium of Claim 59, wherein the shnnkage parameter y is 
estimated from the datasets using cross-validation. 

The storage medium of Claim 59, wherein the shrinkage parameter y is 
20 estimated by simulation. 

63 The storage medium of Claim 59, wherein the correlation coefficient includes 
a plurality of correlation coefficients parameterized by 0 < y < 1 and may be 
defined, for datasets Xj and X k as: 

S(JCji Xk} 



60. 

15 

61. 

62. 



! " fXij - {X 3 ) offset \ f X ik -(X k ) offset \ 
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wherein 



5 64. The storage medium of Claim 63, wherein y 

" ^ - MJVp? - 1) ' Ef = 1 n 2 / 

7 

where Af represents, in an M x N matrix, a number of rows corresponding to 
datapoints from the first dataset, and N represents a number of columns 
10 corresponding to datapoints from the second dataset. 

65. The storage medium of Claim 64, wherein M is the number of rows 
corresponding to all genes from which expression data has been collected in 
one or more microarray experiments. 

66. The storage medium of Claim 64, wherein M is representative of a genotype 
1 5 and N is representative of a phenotype. 

67. The storage medium of Claim 66, wherein the correlation is a 
genotype/phenotype correlation. 

68. The storage medium of Claim 67, wherein the genotype/phenotype correlation 
is indicative of a causal relationship between a genotype and a phenotype. 

20 69. The storage medium of Claim 68, wherein the phenotype is that of a complex 
genetic disorder. 

70. The storage medium of Claim 69, wherein the complex genetic disorder 
includes at least one of a cancer, a neurological disease, a developmental 
disorder, a neurodevelopmental disorder, a cardiovascular disease, a metabolic 
25 disease, an immunologic disorder, an infectious disease, and an endocrine 

disorder. 
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77. 



4- „f riaitr, 55 wherein the correlation is provided between 
The storage medium of Claun 55, wnerem 

. ^ „ r mnre financial instruments traded on a 

financial information for one or more financial 

financial exchange. 

■me storage medium of Claim &*m* » provided tewee:: _ _ 

user profiles for one or more users in ao e-oommeroe applioauon. 
A system for determining an association between a firs, dataset and a second 
dataset comprising: 

a) obtaining at least one first data corresponding to one or more 
prior assumptions regarding said first and second datasets; 

b) obtainmg at least one second data corresponding to one or more 
portions of actual information regarding said first and second 
datasets; and 

c) combining the at least one first data and the at least one second 
data to determine the association between the first and second 
datasets. 

The system of Claim 73, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are random variables with a 
known a priori distribution. 
: The system of Claim 73, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are normal random vanables 
with an a priori Gaussian distribution *ft A wherein , which is a mean, and 
x 2 which is a variance may be unknown. 

The system of Claim 73, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are normal random vanables 
with an a priori Gaussian distribution MM. A wherein p is known. 
The system of Claim 73, wherein one of the one or more prior assumptions is 
that the means of the first and second datasets are zero-mean normal random 
variables with an a priori Gaussian distribution Mm, A wherein p=0. 
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78. The system of Claim 73, wherein one of the one or more portions of the actual 
information is an a posteriori distribution of the means of the first and second 
datasets obtained directly from the first and second datasets. 

79. The system of Claim.73, wherein.the association is a cpn-elation__ .;. 
5 80. The system of Claim 73, wherein the association is a dot product. 

81. The system of Claim 73, wherein the association is a Euclidean distance. 

82. The system of Claim 79, wherein the determination of the correlation 
comprises a use of James-Stein Shrinkage estimators in conjunction with the 
first and second data. 

10 83 . The system of Claim 82, wherein the determination of the correlation utilizes a 
correlation coefficient that is modified by an optimal shrinkage parameter y . 

84. The system of Claim 83, wherein determination of the optimal shrinkage 
parameter y comprises the use of Bayesian considerations in conjunction with 
the first and second data 
15 85 . The system of Claim 83, wherein the shrinkage parameter y is estimated from 
the datasets using cross-validation. 

86. The system of Claim 83, wherein the shrinkage parameter y is estimated by 
simulation. 

87. The system of Claim 83, wherein the correlation coefficient includes a 
20 plurality of correlation coefficients parameterized by 0 < y < 1 and may be 

defined, for datasets Xj andX/t as: 



1 ^ ( Xjj-&i)*ff** \ ( x ik -{x k ) offset \ 
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wherein 



.5 88. The system of Claim 87, wherein y 

(, M - 2 T.LAx ik -Y k ?\ v 

- MN{N-1)' 

7 

where M represents, in an M x N matrix, a number of rows corresponding to 
datapoints from the first dataset, and AT represents a number of columns corresponding 
10 to datapoints from the second dataset. 

89. The system of Claim 88, wherein M is the number of rows corresponding to 
all genes from which expression data has been collected in one or more 
microarray experiments. 

90. The system of Claim 88, wherein M is representative of a genotype and N is 
1 5 representative of a phenotype. 

91. The system of Claim 90, wherein the correlation is a genotype/phenotype 
correlation. 

92. The system of Claim 91, wherein the genotype/phenotype correlation is 
indicative of a causal relationship between a genotype and a phenotype. 

20 93. The system of Claim 92, wherein the phenotype is that of a complex genetic 
disorder. 

94. The system of Claim 93, wherein the complex genetic disorder includes at 
least one of a cancer, a neurological disease, a developmental disorder, a 
neurodevelopmental disorder, a cardiovascular disease, a metabolic disease, an 
25 immunologic disorder, an infectious disease, and an endocrine disorder. 
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95 . The system of Claim 79, wherein the correlation is provided between financial 
information for one or more financial instruments traded on a financial 
exchange. 

96. The system of Claim 79, wherein. the correlation is provided between user 
profiles for one or more users in an e-commerce application. 
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